Things have created massive data sets with huge and complex structures. Thus, new technology for storage, analysis, and pattern visualization must be developed for further processing. Such data sets are appropriately termed as "Big Data." Big data Analytics is concerned with exposing and visualizing hidden patterns, as well as with analyzing the knowledge that is produced to facilitate decision making. In retailing, analyzing the massive data generated from business transactions is crucial to enhancing the insights of vendors into consumer behaviors and purchases, thus providing them an advantage in decision making. The capability to extract value from big data is a relevant issue, but the process is difficult as the volume and velocity of data increase. As a result, traditional business intelligence methods become inadequate. Consequently, we propose an agent-based paradigm in this study to facilitate the use of Big Data Analytics in retailing. The paradigm exploits agent characteristics such as autonomy, pro-activity, and intelligence in performing data analytics processes. We also review the background of the situation and discuss the characteristics, properties, applications, and challenges of integrating Big Data with multi-agent systems in retailing.
I. INTRODUCTION
The amount of data worldwide has increased significantly. These data have progressed from numerous resources, such as images, click streams, logs, posts, search queries, health records, online transactions, emails, audios, and videos, to social networking interactions, sensors, and mobile phones, as well as related applications [1, 2] . In 2012, The Human Face of big data (thehumanfacebigdata.com) accomplished a global project, to collect, visualize, and analyze large amounts of data in real time.
In 2015, the world's digital expanded to 5.6 exabytes of data created each day. This figure is expected to double every 24 months or so [3] . As of the first quarter of 2015, Facebook had 1.44 billion active accounts interacting in 70 languages, uploading 140 billion photos, establishing 125 billion friend connections, posting 30 billion pieces of content, and posting 2.7 billion likes and comments daily. On YouTube, 48 hours of video are uploaded every minute, with 4 billion views daily. Google has more than one million servers around the world that support the many services monitoring 7.2 billion pages per day. Google processes 20 petabytes of data daily and translates content into 66 languages. Twitter generates 1 billion Tweets every 72 hours from more than 140 million active users. By the year 2020, 50 billion devices will be connected to networks and to the Internet [4] , and the amount of information will increase by 50 times within the next decade [3] . The datasets generated from the aforementioned resources and activities are stored in databases that have become massive. As a result, storing, managing, sharing, analyzing, and visualizing information via typical database software tools is difficult.
In the following sections, we provide an overview of big data definitions, characteristics, development, and value, along with the challenges of this concept and its applications. We also introduce multi-agent system (MAS) and the significance of using this technology for big data analysis. Then, we discuss the fundamentals of big data analytics with a focus on its use in retailing. We emphasize the integration of big data, which is inherently of a distributed nature, with the MAS paradigm. Then, we focus on the selected dominant synergy of big data with MASs in retailing. We conclude this paper by summarizing steps that can be taken in future research.
II. BIG DATA

A. Definitions and Characteristics of Big Data
Although the importance of big data has generally been recognized, researchers maintain different opinions on its definition. Big data generally refers to datasets that cannot be perceived, acquired, managed, and processed with traditional IT and software/hardware tools within an acceptable time. Due to varying concerns, technological enterprises, research scholars, data analysts, and technical practitioners provide dissimilar definitions of big data. The following definitions may enhance our understanding of the profound social, economic, and technological connotations of such data.
In 2010, Apache Hadoop defined big data as "datasets which could not be captured, managed, and processed by general computers within an acceptable scope" [1] . In May 2011, the global consulting agency McKinsey defined big data as datasets that cannot be acquired, stored, and managed by classical database software. This definition has two connotations: First, dataset volumes that conform to the standard of big data are changing and may increase either over time or with technological advances. Second, dataset volumes that conform to the standard of big data in various applications differ from one another [5] .
In 2011, an International Data Corporation (IDC) report indicated that "big data technologies describe a new generation of technologies and architectures, designed to economically extract value from very large volumes of a wide variety of data, by enabling the high-velocity capture, discovery, and/or analysis" [6] . In addition, the National Institute of Standards and Technology announced that "big data shall mean the data of which the data volume, acquisition speed, or data representation limits the capacity of using traditional relational methods to conduct effective analysis or the data which may be effectively processed with important horizontal zoom technologies" [6] . Thus, efficient methods or technologies need to be developed for use in analyzing and processing big data.
In 2001, Laney highlighted the challenges and opportunities generated by increased data through a 3Vs model, i.e., increases in volume, velocity, and variety [7] . Although such a model was not established to define big data originally, Gartner and other enterprises, including IBM [9] and some of the research departments at Microsoft [10] still used the "3Vs" model to describe big data for the subsequent decade. Therefore, big data is usually characterized by the three aforementioned dimensions:
• Volume -the size of data is typically large (in the order of terabytes or larger),
• Velocity -access to data should be obtained through appropriate queries in "real" time,
• Variety -data are unstructured and may include texts, videos, and log files, among others.
These three V factors are regarded as the main ones that characterize the big data concept. Nonetheless, other dimensions can be at least equally important. We review such dimensions in the subsequent section [10] .
• Veracity -veracity, which includes trust in the information received, is often cited as an important fourth V dimension in addition to big data velocity and variety.
• Validity -validity does not only involve ensuring accurate measurements but also the transparency of the assumptions and connections behind the process. Therefore, assumptions must be explicit and justifiable. Figure 1 shows the "5 Vs" of big data. 
B. Development of Big Data
The concept of a "database machine" emerged in the late 1970s. This technology is specially used for storing and analyzing data. In the 1980s, researchers proposed the parallel database system "share nothing" to meet the demand of increasing data volume [2] . The "share nothing" system architecture is based on the use of clusters, and each machine has its own processor, storage, and disk. The Teradata system was the first successful commercial parallel database system [4] . In 1986, a milestone event occurred when Teradata implemented this system, which had a storage capacity of 1 TB, for K-mart to assist this large-scale, North American retail company in expanding its data warehouse (DW) [12] . By the late 1990s, the advantages of parallel databases were widely recognized in the database field. However, many challenges arose in relation to big data; indices and queried contents were rapidly increasing with the development of Internet services [10] .
Google created the GFS and MapReduce [12] programming models to cope with the challenges brought about by data management and analysis at the Internet scale. In 2007, Jim Gray, a pioneer of database software, reported that the only way to cope with such a paradigm was to develop a new generation of computing tools for managing, visualizing, and analyzing massive data [2] . In June 2011, EMC/IDC published a report [4] that introduced the concept and potential of big data for the first time and piqued significant interest in this concept from both the industry and the academe. Over the past few years, almost all major companies, including EMC, Oracle, IBM, Microsoft, Google, Amazon, and Facebook, have initiated big data projects. In academia, Big Data was also under the spotlight [2, 10] . In 2008, Nature published a special issue on big data. Similarly, Science launched a special issue on the key technologies for "data processing" in big data in 2011. In 2012, the European Research Consortium for Informatics and Mathematics News also published a special issue on big data. The international research agency Gartner issued Hype Cycles from 2012 to 2013 that classified big data computing, social analysis, and stored data analysis into 48 emerging technologies that deserved the most attention. Many governments, such as those of the U.S., Japan, and the United Nations Governing Council also paid much attention to big data because of the significance of its use to serve and protect citizens [10] .
C. Big Data Value
McKinsey studied the five core industries that represent the global economy in terms of how big data affects the economy, improves the productivity and competitiveness of enterprises and of public sectors, and generates significant benefits for consumers [1] . This agency summarized the potential value of big data: if such data can be creatively and effectively utilized to improve efficiency and quality, the potential value of data to the U.S medical industry may surpass USD 300 billion, thus reducing the expenditure for healthcare in the U.S. by over 8%. Furthermore, retailers that maximize big data may improve their profit by more than 60%. These data may also be utilized to improve the efficiency of government operations; for instance, developed economies in Europe can save over EUR 100 billion [2] .
In 2009, Google obtained timely information by analyzing big data that was even more valuable than that provided by disease prevention centers. Google noted that during the influenza epidemic, the queries that were frequently made to its search engines differed from those at ordinary times. Moreover, the use frequencies of such entries were correlated to the spread of influenza in both time and location. Google determined 45 search entry groups that were highly relevant to the influenza outbreak and incorporated these groups into specific mathematic models to forecast the spread of influenza and even to predict the origins of the disease [10] . In 2008, Microsoft purchased Forecast, a sci-tech venture company in the U.S., that had developed an airline ticket forecast system to predict the trends and rising/dropping price ranges of airline tickets. This system has been incorporated into Microsoft's Bing search engine. As of 2012, the system had saved almost USD 50 per ticket per passenger, and forecast accuracy reached a maximum of 75%.
At present, big data exhibits much potential to create value for businesses and consumers. This potential is expected to increase. The main reason for the necessity of such data is the improvement of data-driven decision making. Ideally, predictive intelligence should be provided based on these data rather than mere reactive intelligence for solving problems that have already occurred. The capability to handle these data presents an opportunity to create an unprecedented business advantage; however, new infrastructures must be developed along with novel ways of thinking that differ from classical business intelligence (BI) approaches [12] .
D. Challenges of Big Data
Traditional data management and analysis systems are based on relational database management systems (RDBMSs). However, such systems are only applicable to structured data, other than semi-structured or unstructured data. In addition, RDBMSs increasingly utilize expensive hardware. Traditional RDBMSs also cannot handle the high volume and heterogeneity of big data. Studies [9, 11] have discussed obstacles in the development of big data applications, and the key challenges are listed as follows:
• Data representation: Data representation aims to enhance the meaningfulness of data for computer analysis and user interpretation. Efficient data representation reflects data structure, class, and type in addition to integrated technologies to facilitate efficient operations on different datasets.
• Redundancy reduction and data compression: This challenge involves the effective reduction of the indirect cost of the entire system on the premise that the potential values of the data are not affected.
• Data life cycle management: The current storage system cannot support massive data. The hidden values of big data generally depend on data freshness; therefore, a data importance principle that is related to analytical value should be developed to determine which pieces of data should be stored and which ones should be discarded.
• Analytical mechanism: The big data analytical system processes masses of heterogeneous data within a limited time. Non-relational databases have shown their unique advantages in processing unstructured data and have become mainstream in big data analysis. Even so, nonrelational databases still encounter performance-and application-related problems. A solution that facilitates compromise between RDBMSs and non-relational databases must be obtained. Furthermore, additional research is needed regarding in-memory databases and sample data based on approximate analysis.
• Data confidentiality: Most current big data service providers or owners cannot effectively maintain and analyze large datasets due to limited capacity. These providers must rely on professionals or tools instead, thus increasing the potential safety risks. Therefore, big data analysis may be conducted by a third party only when proper preventive measures are taken to protect sensitive data.
• Energy management: With the increase in data volume and analytical demands, the processing, storage, and transmission of big data inevitably consume increasing amounts of electric energy. Therefore, system-level power consumption control and management mechanisms must be established for big data while ensuring expandability and accessibility.
• Expendability and scalability: The analytical system of big data must support present and future datasets. The analytical algorithm must be capable of processing expanding and increasingly complex datasets.
• Cooperation: Big Data analysis is an interdisciplinary research field that requires experts in different fields to cooperate in deriving the potential of big data. Thus, a comprehensive network architecture must be established for big data to provide scientists and engineers in various fields with access to different kinds of data, as well as to maximize the expertise of such individuals in collaborating to meet analytical objectives.
The research community has proposed solutions from different perspectives [11] . For instance, cloud computing is utilized to meet the infrastructure requirements for big data. Distributed file systems and NoSQL databases are good options for generating solutions to the permanent storage and management of large-scale disordered datasets. MASs are suitable for processing and analyzing big data to generate the expected value and knowledge.
III. MULTI-AGENT SYSTEMS
An agent is a software paradigm that brings concepts from artificial intelligence theory to the center of distributed systems. A software agent is capable of independent action; that is, deciding for itself and determining what needs to be done to satisfy design objectives [13] . A MAS consists of a number of agents that interact with one another. To facilitate successful interaction, agents must be capable of cooperating, coordinating, and negotiating with one another to handle complex tasks. Cooperation is the process in which several agents work together and draw on a broad collection of knowledge and capabilities to achieve a common goal. Coordination is the process of reaching a state in which the actions of agents complement one another. Negotiation is a process by which a group of agents communicate with one another to try and come to a mutually acceptable agreement on a certain matter.
MASs encompass multiple disciplines, such as artificial intelligence, sociology, and philosophy. Recent developments have integrated data mining into MASs. In addition to parallel tasks, big data analysis includes complex tasks that are highly dynamic. The MAS paradigm seems to be a suitable solution for at least some of the problems of big data analysis when compared to the classical centralized solution [13] . Features such as distribution and parallelism are present in the use of big data by Internet companies, and these factors differ in terms of action in the physical world. In addition to parallel programming tasks, the MAS approach can be a suitable complement to big data processing, including existing agentbased frameworks for high-performance computing, such as REPAST [14] . In the following, we describe some characteristics that can be overlapped between big data and MAS applications [4] :
• Spatial Distribution. The spatial nature of big data corresponds to the nature of MAS. Agents are able to act autonomously, conduct tasks for the satisfaction of their own goals, and interact with other agents. Spatially distributed agents can gather the appropriate data and perform actions on the basis of the decisions made.
• Heterogeneity of Data Sources. Big data tasks usually include many sources with different data formats, thus hindering data processing. In MAS, agents are heterogeneous in their behavior and vary in sophistication, granularity, and information load for decision making. As a result, the agent-based paradigm is well suited to the representation of complex heterogeneous systems. Furthermore, agents can perform data acquisition from heterogeneous sources in various environments.
• Real-Time Processing. Big data analysis has to be processed in real time or near real-time applications. The benefits of using MAS technology for real-time processing include increased speed and efficiency, increased robustness, and increased scalability.
IV. BIG DATA ANALYTICS
Big data is marked by voluminous heterogeneous datasets that need to be accessed and processed in real time to generate abstraction. Such an abstraction is valuable for scientific or business decisions depending on the nature of the data. These attributes are conventionally termed as the three Vs: volume, velocity, and variety. Some experts include two additional Vs, namely, value and veracity. The need for big data analytics or abstraction arose because of the increasing ability to sense and store data, the omnipresence of data, and the ability to see the business potential of such data sets [16] .
Researchers propose the use of magnetic, agile, and deep (MAD) analysis for big data and self-tuning systems (e.g., Starfish) with respect to popular big data systems [16] . These scenarios lead to the demand for increasing agility in data accessing and processing and to the need of accepting multiple data sources and generating sophisticated analytics. The need for such analytics in turn seeks the development and use of efficient machine learning algorithms and statistical analysis that integrate parallel data processing. Some conventional pattern recognition algorithms or statistical methods need to be strengthened in these directions. The MapReduce algorithm and its variants play a pivotal role in big data applications [8] .
Modern trends pose difficulties in the management of large data volumes, particularly in business analytics data, which is not supported by standard techniques. New requirements expect organizations to discover knowledge from their internal or external data sources; nevertheless, this process can help organizations make better business decisions. The challenges in big data analytics include increasing data sizes into the exabytes range, data availability in a distributed manner compared with centralized data sources, semi-structured and unstructured datasets, streaming data, flat data schemes compared with pre-defined models, complex schema containing inter-relationships, near real time and batch processing requirements, SQL dependence, and continuous data updates [9] .
The analysis methods that required to be suitably improved for massive parallel processing include MASs, data mining methods, statistical methods, large data visualization, natural language processing, text mining, graph methods, and instantiation approaches to streaming data. Data preprocessing challenges include the integration of multiple data types, integrity checks, outlier handling, and missing data issues. In this paper, we propose MAS paradigm that seems to be a suitable solution for the problems of big data analysis when compared to the classical centralized solution [13] .
V. BIG DATA USE CASES BY INDUSTRY
The industrial automation sector is already a large producer and consumer of data. During the last few decades, industrial companies have demonstrated significant productivity gains by utilizing process data and by using advanced methods for data analysis. At present, the big data paradigm is a promising concept for another substantial wave of gains to achieve improved efficiency in design, production, and product quality and meet customers' needs.
According to [15] , big data can help industrial companies reduce product development time by 20% to 50% and eliminate defects prior to production by simulation and testing. The interesting aspect of big data is that it enables discoveries across a rich and broad data set. Organizations that have established big data analytics platforms and enabled their business users and data analysts to effectively leverage such platforms for decision making have realized significant competitive advantages and opened up new business opportunities. Furthermore, companies have adopted new business models effectively by leveraging big data analytics platforms.
In addition to web scale companies, such as Google and Amazon, government organizations also exploit data to find ingenious ways of collecting tax from defaulters. Healthcare companies are becoming proactive in tracking and monitoring their customers' health and design "stay well packages" to reduce healthcare costs. The hospitality and travel industry is trying to combine various sources of data including social networking data and create personalized vacation packages for their customers. New companies are developing data mashup technologies that combine several aspects of customer behavior by advising them on what products to buy, when to buy them, and where to buy them to offer attractive discount pricing. Big data creates significant opportunities. However, a significant gap exists between available data and its effective utilization; thus, many enterprises are scrambling to address this challenge [10] .
The key to exploiting big data analytics is to develop a compelling business use case that clearly outlines what ebusiness outcomes need to be achieved. If looked in isolation across the big data main characteristics of volume (V1), velocity (V2), and variety (V3), the industry-wide use cases shown in Table I show that the aforementioned problems can be solved by using traditional architectures and technology solutions. Many organizations are basing their business cases on benefits that can be derived from big data analytics [12] :
• Smarter Decisions. Collecting and analyzing new sources of data to improve the quality of decision making and enable the organization to think beyond the conventional decision-making process.
• Faster Decisions. Becoming agile and nimble and developing capabilities for the organization to truly become a real-time enterprise. In other words, the decision-making latency is shortened.
• Impactful Decisions. Delivering business outcomes and business capabilities that are truly unique differentiators. Historically speaking, retail outlets and supermalls have always generated business by attracting customers to their stores. Such businesses have heavily relied on advertisements in various media about attractive pricing, discounts, promotions, and so on. They have also invested heavily in setting up physical stores with attractive interior designs, colors, and lighting among others to provide a wonderful experience to customers. These outlets and mega-malls built massive databases by integrating sales data, promotions and campaigns data, supplier data, and in-store inventory data. By using these databases, they created customer profiles and started conducting high-end analytics such as market-basket analytics, seasonal sales analytics, inventory optimization analytics, and pricing optimization analytics [5] .
The analytics outcomes provided valuable insights to business owners regarding the behavior and buying patterns of customers. They developed customer loyalty programs to keep the customer happy. Every retailer wants to find answers hidden within the massive piles of shopping, spending, inventory, pricing, and clickstream promotion data that they have. They also want to obtain a holistic view of their customers to answer the business questions that mentioned in [5] . These questions provide insight into the number of different types of data sources required to develop a holistic data platform and to provide answers to these questions. Retailing is quickly moving from physical presence in-store models to multi-channel and multi-screen experiences. The Internet and the proliferation of innovative mobile applications pose significant challenges to traditional in-store retailing approaches.
Customers generate massive quantities of data at a tremendous speed. The challenge for retailers is to develop solutions to capture, analyze, and spot the trends hidden within these massive piles of digital clues before anyone else discovers them. A big data analytics platform is an ideal choice. Multi-channel analytics involves understanding customer behavior and presenting new offers by sophisticated targeting. Figure 2 illustrates a typical retail application landscape overlaid with data sources (structured or unstructured) and big data characteristics. 
VII. THE PROPOSED AGENT-BASED BIG DATA ANALYTICS IN RETAIL
MASs are suitable for distributed data processing applications. We here propose the use of multi-agents for big data processing and analytic via the agent-based abstracting approach to generate abstraction in big data. The proposed schemes relate to data reduction in terms of identifying representative patterns, reduction in number of attributes and features, analytics in large data sets, heterogeneous dataset access, and integration. In massive datasets, the need to reduce data is important for further analysis and inference. However, the nature of data in such heterogeneous datasets is not uniform across datasets. Some datasets can inherently form clusters that are hyper-spherical in nature, some can be curvilinear in high dimensions, and so on. We use the hierarchical clustering method because this method is best suited for the nature of the datasets. The schemes are practical and can be implemented in future works. We briefly discuss the proposed approach and its parts in the following:
• Control Agent (CA) -The CA is nominated to control the access from multi-channels in retailing process. Furthermore, the datasets that flow inside the retailing process are managed by coordinating and cooperating with other agents.
• Processing Agent (PA) -The PA is responsible for classifying data on the basis of resource types, filtering valuable datasets from disposable ones, and extracting the feature of input datasets. Feature selection or feature extraction depends on the nature of the data. Each process in the retailing application has a PA that deals with its internal process.
• Aggregating Agent (AA) -The last agent layer in this scheme is the AA, which is responsible for gathering and integrating all valuable data and knowledge extracted from each retailing process by using an effective method that can facilitate decision making. 
VIII. SUMMARY AND CONCLUSIONS
We have outlined the big data paradigm and its uses in retailing. We have also described some of the possible applications and challenges. Even if big data approaches are developed by Internet companies, such methods can be applied in the retailing domain. We have also briefly elaborated an area that needs further investigation: the integration of big data and MAS paradigm to cope with the massive parallelism. The use of big data leads to improved decision making, and performing actions on the basis of decisions is another area where the multi-agent paradigm is a good complement to big data technologies. From the overview, we can conclude that big data technology applications within the retailing domain not only enable efficient decision handling but are also necessary to achieve further improvements within this domain. Our future works will study the changes in IT architecture and infrastructure, examine relevant technology for storage and analysis, and discuss how big data will be analyzed in real time. Furthermore, we will also examine the organizational and change management issues that are likely to appear.
